This paper examines the predictive content of the shadow rates for U.S. real activity and inflation in a data-rich environment. We find that the shadow rates contain substantial out-of-sample predictive power for inflation both in the non zero lower bound and zero lower bound periods. In contrast, the shadow rates are uninformative about future real activity.
Introduction
Historically, the federal funds rate (henceforth FFR) has been the primary instrument of monetary policy. The Fed has lowered the FFR to boost economic activity and raised it when the economy is overheating. The empirical literature has found that the short-term rates have predictive power for future economic activity (Ang et al., 2006) . When the ZLB is binding, the FFR does not display meaningful variation and thus no longer conveys information about the stance of monetary policy. Krippner (2013) and Wu and Xia (2016) argue that the shadow rate can be used in place of the FFR to describe the stance and effects of monetary policy in the ZLB environment. When the FFR is stuck at the ZLB, the shadow rate can freely take on negative values to reflect unconventional monetary policy actions. The shadow rate has received a lot of attention in the recent literature (see, e.g., Wu and Xia, 2016 and the references cited therein). However, to our knowledge, the predictive ability of the shadow rate for future economic activity has not been examined. As an indicator of an effective monetary policy, the shadow rate is potentially informative about the future state of the economy. This paper contributes to the existing literature by analyzing the predictive content of the shadow rates for U.S. real activity and inflation in a data-rich environment.
Because Bauer and Rudebusch (2013) find that different model specifications produce different estimates of the shadow rate, we consider two versions of the shadow rate in our forecasting exercise. The first one is suggested by Krippner (2013) (henceforth KSR) and the second is introduced by Wu and Xia (2016) 1 plots the KSR, WXSR and FFR from 1990:M1 to 2015:M10.
The main finding from this study is that the shadow rates contain predictive power for inflation but not for real activity. The WXSR is a more informative leading indicator than the KSR. The WXSR contains substantial predictive power for inflation both in the non-ZLB and ZLB periods.
Methods
Our forecasting model is the following linear, h-step-ahead dynamic factor model, augmented with a shadow rate:
where the dependent variable and the lagged dependent variable are y h t+h = (1200/h) ln(X t+h /X t ) and y t = 400ln(X t /X t−1 ), respectively, X t is the economic activity at month t,F i,t is the ith principal component from the large set of predictors, z t is either the KSR or WXSR, and ε h t+h is the forecast error. The subscripts h indicate that the parameters are forecast horizon specific.
Forecasting performance is evaluated in a pseudo-out-of-sample forecasting exercise. Forecasts of industrial production, real personal consumption, nonfarm payroll employment, consumer price (CPI) inflation and personal consumption expenditures (PCE) inflation are generated for horizons of h = 3, 6, 9 and 12 months. We extract the factors and estimate the parameters of the forecasting models using a recursive scheme. At each forecast origin, m, k and p are selected by minimizing the Bayesian information criterion (BIC), with 1 ≤ m ≤ 2, 1 ≤ k ≤ 4, and 0 ≤ p ≤ 6.
We quantify out-of-sample forecast performance by computing the mean squared forecast error (MSFE) of the shadow rate forecast relative to that obtained from a benchmark model. In our framework, natural benchmark models are obtained by ex-cluding the shadow rate from the forecasting model (1). If the relative MSFE is less than one, the shadow rate model has produced more accurate forecasts than the benchmark model. This implies that the shadow rate contains marginal predictive power.
The statistical significance is evaluated using the one-sided Diebold and Mariano (1995) test with a small sample modification proposed by Harvey et al. (1997) .
Data
We consider the shadow rates discussed in Krippner (2013) 
Empirical results
The Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. The forecasting periods are as defined in Tables 1 and 2 , respectively.
predictive power for U.S. real activity in a data-rich environment. Second, the models augmented with the shadow rates produce more accurate inflation forecasts than the benchmark irrespective of which forecasting period or forecast horizon is considered.
The improvements in forecast accuracy are often large. Therefore, the shadow rates have predictive power for inflation when the predictive information encoded in a large number of macroeconomic variables is already taken into account. This is an important finding because the results in the previous literature suggest that it is difficult to predict inflation in the post-1985 period (see, e.g., Stock and Watson, 2007) . Third, although the KSR is empirically more robust and also more consistent with unconventional monetary policy events than the WXSR (Krippner, 2015) , the WXSR performs better in the out-of-sample forecasting exercise. Fourth, the predictive power of the shadow rates is similar in both out-of-sample periods.
1
We compare formally the relative forecasting performance of the shadow rates for inflation in Table 3 . This 
Conclusions
This paper examined whether the shadow rates have out-of-sample predictive power for U.S. real economic activity and inflation in a data-rich environment. We find that the shadow rates are useful leading indicators for inflation. The shadow rates contain substantial predictive power for inflation both in the non-ZLB and ZLB periods irrespective of which model specification or forecast horizon is considered. We find that
1 The results are very similar if alternative model specifications are considered, see Appendix B.
2 Krippner (2015) shows that different model specifications produce different estimates of the WXSR. Therefore, we emphasize that the WXSR forecasting results are specific to the particular WXSR we have used.
the shadow rate suggested by Wu and Xia (2016) produces more accurate inflation forecasts than the shadow rate suggested by Krippner (2013) . The results show that the shadow rates do not have predictive power for real activity. Notes: The transformation code (column 3) denotes the transformation applied to the variable before principal components are calculated. The transformation codes are 1 = no transformation, 2 = first difference, 3 = second difference, 4 = natural logarithm, 5 = first difference of logarithms, 6 = second difference of logarithms. The data sample is 1985:M11-2015:M10. The data source is the FRED-MD database.
Appendix A

Appendix B
In this Appendix, we present the results for several variants of the forecasting model
(1). The first, denoted by DIAR, includes a contemporaneous shadow rate and lags of The results of this sensitivity analysis, reported in Tables B1 and B2, corroborate the findings in Tables 1 and 2 . (2016) shadow rate. Each row reports the ratio of the MSFE of a forecasting model augmented with a shadow rate relative to the MSFE of the benchmark model. Asterisks mark rejection of the one-sided Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. Wu and Xia (2016) shadow rate. Each row reports the ratio of the MSFE of a forecasting model augmented with a shadow rate relative to the MSFE of the benchmark model. Asterisks mark rejection of the one-sided Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. Diebold and Mariano (1995) test at the 1% (***), 5% (**), and 10% (*) significance levels, respectively. The forecasting periods are as defined in Tables 1 and 2 , respectively.
